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Introduction:
The increase in the amount and complexity of biological data in recent years has resulted in a landscape that is well suited to analysis via graph-theory methods. These have often been used to help with the study and planning of high-throughput proteomics experiments (Bradshaw and Burlingame, 2005; Betton, 2004; Gilbert, et al., 2004; Lappe & Holm, 2004) and have themselves generated large datasets well suited to a graph-based representation (Xenarios, et al., 2000) . These networks have been analyzed using such an approach where the nodes represent individual proteins/domains and whilst the edges represent interactions between them (Borgwardt, et al., 2005; Santonico, et al., 2005) .
However the study of individual protein structures as residue interaction graphs (RIGs), where residues are defined as nodes and the interactions between them as edges, are a more recent development. A number of important results have been published highlighting the usefulness of this approach to enhance our understanding and modeling of sequence-structure-function relationships. Vendruscolo, et al. demonstrated using graph-methods together with molecular dynamic simulation that highly central residues act as nucleation centers in the protein (Vendruscolo, et al., 2002; Vendruscolo, et al., 2001 ). More recently Amitai, et al. showed that a measure known as closeness (see below) correlates well with the position of active sites in proteins (Amitai, et al., 2004) .
Del Sol et al. have identified clusters of highly central residues at or near the proteinprotein interfaces (Del Sol, et al., 2005) . Both these results reflect the fact that proteins act in a concerted fashion, with conformational change being transmitted via a few key residues which are central to the network of residue interactions.
Here we investigate the usefulness of graph-theory to describe the relationship between protein sequence, structure and function by constructing graphs of protein structures (see methods). We then apply the closeness graph-measure to predict the location of suitable split sites which result in viable circular permutants. Circular permutation involves the covalent linkage of the N and C termini of a protein and cleavage of the backbone at a given position to produce new termini (Fersht, 1999) . This has particular relevance for the study of sub-domain regions termed folding elements (FEs). These were first discovered by Iwakura, et al. using the globular protein dihydrofolate reductase (DHFR) from Escherichia coli (Iwakura, et al., 2000) . These regions are intolerant to disruption via circular permutation, with the result that they do not fold to a functional native-like protein. In DHFR a total of 10 contiguous blocks of 2-14 residues are formed which do not directly correspond to either buried regions or secondary structure elements ( Figure   1a ). The precise significance of these regions is as yet unknown, although a recent study has proposed a folding mechanism based around these elements (Arai, et al., 2003) .
There is additional support for this hypothesis in that many early folding residues (EFRs) are found within the FEs (Arai, et al., 2003; Jones and Matthews, 1995) . Unfortunately because the experimental effort involved in characterizing these FEs is considerable, it is so far the only protein for which a complete set of FEs may be assigned.
Using the wild-type native structure of DHFR with the above dataset, together with partial data available from other circular permutation studies on other proteins, we are able to show that closeness is able to predict the location of suitable split sites more reliably than either burial or sequence conservation. More intriguingly, it also offers future potential to predict the precise boundaries of FE and non-FE regions (respectively where circular permutation does and does not lead to a functional protein) and thus avoid the need for extensive experimental studies of large numbers of other proteins. This is of particular practical importance for the design of split reporter proteins and the development high-throughput protein interaction detection systems. In such systems a reporter protein (for example with fluorescent read-out) is split in two fragments and each is fused to one of the two proteins under study. If the two proteins do interact, the reporter fragments are brought together and refold. The reconstituted activity is used as a read-out for the protein-interaction. The design of such split-enzymes is not straightforward, and several splits need to be tested to find a viable split site (Galarneau, et al., 2002) .
Methodology:
The method represents a protein structure as a RIG in which residues are considered to be nodes and the interactions between them are defined as edges. Shortest paths between all pairs of residues can then be calculated (see below), and a value for the closeness of each residue obtained. Closeness is a measure of the average number of edges which must be traversed in order to reach any other node. It is noteworthy that we tested other measures similar to closeness (e.g. betweeness) and obtained similar results (data not shown) with closeness showing the best performance. Residues which are central to the network will have a shorter average shortest path length to other residues. DHFR was shown to have 73 FE residues out of a total of 159 residues (Iwakura, et al., 2000) .
Graph generation:
Co-ordinates were taken from the Protein Databank (PDB) for use in our analysis (PDB codes given in supplementary information) (Berman, et al., 2002) . RIGs were constructed with nodes representing individual residues while an edge represents an interaction between two residues. An interaction between residues was defined to occur if any heavy atom in residue i was within within 4Å of any atom in residue j. Larger thresholds were also tested but had no qualitative impact upon the results (data not shown). Unweighted and undirected graphs were used. Where proteins consisted of multiple domains, the domain boundaries were calculated using the 'domain' program (Sternberg, et al., 1995) and separate graphs were generated for each domain. In the case of DHFR the SCOP database (Murzin, et al., 1995) identifies the protein as having a single domain. However, we considered it to be a bilobal protein with two domains (residue numbers 1-127, 128-159) and best results for relative side-chain area (RSA) and closeness were obtained by calculating separate graphs of the domains. Without this domain separation, the surface exposed FE at position V136-S138 in DHFR is not detected by RSA or closeness (data not shown).
Measures and parameters:
Shortest paths (as per Figure 2 ) were determined between all pairs of residues in each structure using Dijkstra's algorithm (Dijkstra, 1959) . These paths were then used to calculate closeness values for each residue in the protein. Closeness is defined as the average length of all the shortest paths emanating from a particular node to all other nodes in the graph. Buried residues will thus tend to have lower raw closeness values than those at the surface of the protein, with the exception of functional residues {Amitai, 2004 #10}. RSA values were calculated using the program Naccess using default parameters (Hubbard, et al., 1991) . z-scores were derived using the raw scores output from each of the three measures tested. For a set of values X with standard deviation σ and average µ, a z-score for a value x was defined as (x -µ)/ σ. z-scores were obtained such that a z-score>0 for a given residue indicated that the residue was a member of a folding element.
Statistical methods:
In prediction those residues with z-scores greater than 0 were considered to be FE regions whilst those with z-scores equal or less than zero were not. Point biserial correlation coefficients (Edwards, 1976) were calculated using the R statistical package (Ihaka, 1996) . Rather than calculating the correlation between two continuous variables, the point biserial coefficient calculates the correlation between a binary variable (here FE or non-FE) and a continuous variable (e.g. closeness, RSA or sequence conservation). The values of point biserial coefficients are similar to linear least-square correlation coefficients.
Sequence conservation:
Sequence conservation was quantified by the calculation of sequence entropies for each equivalent residue in an alignment. Relative sequence entropies were calculated using a position specific scoring matrix derived from 3 iterations of PSI-BLAST (Altschul, et al., 1997) .
Entropies for each residue position were then calculated using:
where Pi denotes the probability that a given amino acid type appears at a given position.
The subscript i corresponds to each of the twenty amino acids, αi to the background frequency of the amino acid over the entire dataset, x i to the residue type frequency at the position and λ is a scaling factor equal to 0.318 derived from the BLOSUM62 matrix (Henikoff and Henikoff, 1992) .
Receiver operating characteristic curves (ROC):
ROC curves were calculated for sequence entropy, RSA and closeness in DHFR to test their power to predict the status of a given residue (FE or non-FE). True positives were defined as experimentally determined non-FE residues with a z-score for a given measure <=0 or FE residues with a score > 0. The area under curve (AUC) for each of the measures was calculated using a trapezoidal-based rule. To calculate whether differences between curves were statistically significant, standard errors for the AUC were calculated using the method described by Hanley & McNeil (Hanley and McNeil, 1982) . A score for a given pair of AUCs is calculated using the following:
where A1 and A2 are the AUC for the respective curves, SE(A1-A2) is the standard error of the difference between the areas A1 and A2 as described by Hanley & McNeil in further work (Hanley and McNeil, 1982; Hanley and McNeil, 1983) . Scores greater than 1.96 are significantly different at the 5% level.
Permutant data is shown in Supplementary Information - Table 1 . EFRs were identified by Jones & Matthews and were defined to be residues which were protected from hydrogen exchange within 13ms of folding commencing (Jones and Matthews, 1995) . (Iwakura, et al., 2000) . . (Topell, et al., 1999) .
Additional permutant data from other proteins is shown in Supplementary Information - which has a pronounced peak in the RSA profile, but not the closeness profile. However this EFR was found not to be a part of a FE by (Iwakura, et al., 2000) .
Due to the limited experimental data on DHFR it is not possible to perform any further statistics on the relative success of closeness and RSA in the prediction of EFRs (26 of the 159 residues in DHFR were experimentally tested for early folding). However, the complete dataset for DHFR FEs allows us to investigate the application of closeness and RSA to predict the location of split sites for viable circular permutants in DHFR.
Predicting viable circular permutants:
Since closeness and RSA correlate well with the presence of FEs in DHFR we now compare how successful each measure is in the prediction of viable split sites -i.e. the non-FEs. For the purposes of prediction with a given measure, non-FE residues are defined as having a z-score less than or equal to zero and FE residues having z-scores greater than zero. True positive results were defined as those where the prediction and the experimental observation were in agreement. Measures were ordered by ascending zscore. Together with the experimental data on the location of FE and non-FE residues, ROC curves were plotted for each measure and the AUC for each curve calculated (Figure 4) . The results were 0.70 for closeness, 0.58 for RSA and 0.42 for sequence conservation. The difference between these AUCs was calculated as being significant to the 1% level between closeness, RSA and sequence conservation. For the first 5 predictions closeness and RSA predict with 100% accuracy the location of viable split sites. However, none of the measures predict the same set of residues within this top five.
Beyond this limit the closeness graph measure outperforms all other measures. Among the top 50 predictions RSA incorrectly predicts 11 residues as being viable split sites whilst closeness only predicts 7 incorrectly (illustrated in Figure 1(b) ).
Two other studies of circular permutants have yielded partial data and we use them to determine the generality of the results from DHFR. Partial studies on circular permutants have been performed on for disulfide oxidoreductase from E.coli (DsbA) and green fluorescent protein (GFP) (Topell, et al., 1999) from Aqueorea Victoria. In these experiments only about 10% of the possible permutants were produced and tested for their ability to fold. In summary, the available data indicates that closeness outperforms RSA in predicting viable circular permutants and that these results can be generalised beyond the case of DHFR. For GFP, we found that both closeness and RSA both correctly predicted all of the 8 permutants which did not fold. However, for DsbA, closeness correctly predicted 10 of 13 permutants whilst RSA predicted only 5 correctly.
There is also added data from the design of successful circular permutants to study the folding of SH3, S6, CI2, antitrypsin and beta lactamase (Cobos, et al., 2003; Galarneau, et al., 2002; Grantcharova and Baker, 2001; Lee, et al., 2001; Lindberg, et al., 2002; Otzen and Fersht, 1998; Weikl and Dill, 2003) which amount in total to ten circular permutants. Whilst all are correctly predicted by closeness, only a little over half are correctly predicted by RSA (see Table 1 ).
As a final analysis to compare the predictive power of closeness and RSA we pooled all available circular permutant data to produce a dataset with a total of 188 split sites and observed which method predicted the correct result when the two measures disagreed.
Closeness and RSA disagreed in their predictions in 49 cases. 29 of these were in the prediction of viable split sites. Of these, closeness was correct a total of 21 times and whilst RSA was correct only 8 times in their predictions for these 29 cases. Thus closeness produces a greater number of correct predictions than RSA. To test whether this is statistically significant we use a binomial test, assuming that the probability that closeness makes a more accurate prediction is 0.5 if the two measures are indistinguishable. This yields a p-value of 0.01. Thus we conclude that closeness does produce a significantly greater number of correct predictions over RSA.
These results demonstrate that a graph theoretic measure such as closeness encapsulates the regions essential to guide the folding pathway to its native state by accounting for the network of interactions between residues throughout the protein as a whole.
Discussion:
We have shown that closeness can be used successfully to predict the location of viable split-sites (i.e. suitable locations for circular permutation) in DHFR and other proteins with greater success than either RSA or sequence conservation. The results using windowed averages demonstrate that the improvement is aided by the correlation between residues and the local neighborhood of interactions which are formed. If FEs are present in proteins generally it will be possible to avoid EFRs and the FEs which surround them by selecting residues with low centrality as determined by the closeness measure. Note that this is accomplished purely by measurements taken from the network of interactions between residues. The peaks in the closeness profile within each FE coincide with the position of EFRs.
Apart from the superior performance in predicting split sites, the clear peaks in the closeness profile in Figure 3 at the positions of EFRs indicate this method will simplify the identification of potential EFRs. Sequence conservation was shown not to identify the location of EFRs or FEs in the majority of cases.
The closeness measure is clearly detecting the increased number of interactions in the core and the susceptibility of the folding to the disruption of hydrophobic interactions and their exposure to solvent. These regions make up the immutable FEs which flank EFRs.
The enhanced accuracy provided by closeness highlights the usefulness of a graph-based approach to protein structure analysis over and above physical measures such as RSA and sequence conservation. While an experienced practitioner might easily predict a few viable split-sites by examining the three-dimensional structure and selecting exposed loops, our method is capable to predict more obscure non-FE regions within secondary structures, although these are often lower down the list of suggested sites. There is still room for improvement for our method with respect to the prediction of the precise boundaries of FEs. Further research here will contribute to the understanding of folding mechanisms. Many EFRs have also been classified as binding sites in DHFR for a variety of small molecules. Of the 10 FEs in DHFR, 7 contain known small-molecule binding sites (Kinoshita and Nakamura, 2004 ) and the remaining 3 are experimentally classified as EFRs (Jones and Matthews, 1995) . This finding suggests the existing hypothesis that individual folding element-like subunits, each with specific binding capability, evolved independently in evolutionary history and were subsequently integrated into an ever larger and more complex functional unit. Such a relationship could be encoded in the network of interactions which surround each EFR. Indeed the work by Amitai et al. has shown that closeness can be used in conjunction with solvent accessibility to identify functional residues (Amitai, et al., 2004) . If selection acts on this network of interactions we may gain new insight by developing a representation of these interactions which can then be compared tractably with other protein structures. If these interactions within FEs can be shown to be more highly conserved than other interactions in the protein then we may obtain evidence for this process.
The method described here demonstrates the usefulness of a graph-based approach to representing protein structures and that graph-measures can reflect important physical properties detectable experimentally. The method is also of use to experimentalists who require additional evidence that a given site for circular permutation will prove viable.
The importance of FEs in the folding process is highlighted by the enhanced closeness in the region of EFRs. The interactions formed between residues surrounding these EFRs are crucial to direct the folding pathway by generating suitable local environments early in the folding process. The resulting network of interactions between residues reflects these environments -any disruption to certain subnets cannot be tolerated if the protein is to fold to the native state. More generally however, the method has illustrated the use of graph-theoretic measures. Of particular importance is the ability of closeness and similar measures to encapsulate both local and global features of protein structures via residueresidue interactions. b) The value of closeness for a node is assigned by summing the shortest path lengths and then dividing by the number of paths. Measures of closeness and RSA for several experimentally verified viable circular permutants. Shown in brackets are the PDB codes used for graph construction. In all cases the experimental split sites used in the creation of permutants have closeness zscores below zero indicating non-FEs. However, using RSA in four out of the ten cases the RSA measure has z-scores above zero and incorrectly predicts permutants as being a folding element. 
